Background: Nowadays, according to valuable resources of high-quality genome sequences, reference-based assembly methods with high accuracy and efficiency are strongly required. Many different algorithms have been designed for mapping reads onto a genome sequence which try to enhance the accuracy of reconstructed genomes. In this problem, one of the challenges occurs when some reads are aligned to multiple locations due to repetitive regions in the genomes. Results: In this paper, our goal is to decrease the error rate of rebuilt genomes by resolving multi-mapping reads. To achieve this purpose, we reduce the search space for the reads which can be aligned against the genome with mismatches, insertions or deletions to decrease the probability of incorrect read mapping. We propose a pipeline divided to three steps: ExactMapping, InExactMapping, and MergingContigs, where exact and inexact reads are aligned in two separate phases. We test our pipeline on some simulated and real data sets by applying some read mappers. The results show that the two-step mapping of reads onto the contigs generated by a mapper such as Bowtie2, BWA and Yara is effective in improving the contigs in terms of error rate. Conclusions: Assessment results of our pipeline suggest that reducing the error rate of read mapping, not only can improve the genomes reconstructed by reference-based assembly in a reasonable running time, but can also have an impact on improving the genomes generated by de novo assembly. In fact, our pipeline produces genomes comparable to those of a multi-mapping reads resolution tool, namely MMR by decreasing the number of multi-mapping reads. Consequently, we introduce EIM as a post-processing step to genomes reconstructed by mappers.
Background
The advent of next generation sequencing (NGS) technologies by greatly increasing the volume of produced data, created a genomic revolution. Massive amount of data and low cost of these technologies make it possible to determine large parts of a genome sequence in a short time. Today, biological research on any organism from viruses and bacteria to humans depends on the genome sequence information. In addition, sequences of organisms have an important role in understanding diseases. In order to reconstruct a genome sequence based on NGS data, genome assembly, one of the challenging problems in bioinformatics, is defined. There are two different approaches to model genome assembly: de novo and reference-based assembly. In the first model, a novel genome sequence is reconstructed from scratch by only applying NGS reads. In the second one, a reference genome is employed to assemble the NGS reads by mapping them onto the reference.
Because of the large volume of NGS reads, established alignment algorithms such as Smith-Waterman aren't efficient for read mapping. To reduce search space, several algorithms have been developed [1] [2] [3] [4] [5] using the seedand-extending approach in which the reads are mapped onto the reference in two main steps. Firstly, some subsequences of each read are selected as seeds to find their positions in the reference. In this way, the candidate locations of the reads are determined rapidly. Secondly, each read is aligned to its candidate locations by a dynamic programming algorithm in order that the actual mapping positions are obtained.
During the past years, various algorithms have been designed to improve the accuracy and efficiency of mappers [6] [7] [8] [9] [10] [11] [12] [13] . Although these algorithms represent appropriate approaches to reduce the time and space complexity, resolving multi-mapping reads in genome reconstruction has remained a challenge. Due to repetitive regions within the genome, some reads can be mapped to multiple locations of the reference genome. Multi-mapping reads may be aligned at incorrect locations since the read set contains sequencing errors and genetic variations relative to the reference. As a result, some errors such as mismatches and indels (insertions or deletions) are introduced to the reconstructed genome. Read mappers often randomly select one of the locations for a multi-mapping read as the primary one. Recently, a post-processing tool (MMR) has been developed [14] to find optimal locations for multi-mapping reads within DNA-and RNA-seq alignment results. It resolves the problem based on the assumption of aligned reads coverage uniformity.
In this study, we introduce a new view to resolving multi-mapping reads by increasing the rate of reads aligned uniquely to the reference in order to decrease the error rate of the reconstructed genome sequence. For this aim, we divide the reads into two groups in accordance with the reference genome. The idea is inspired by the following fact.
Consider a target genome (the genome from which a set of reads is sampled) which is highly similar to the respective reference genome. If the read set is mapped onto the reference, high percentage of the reference can be covered by the reads uniquely aligned without mismatches and indels (exact reads). Leftover alignable reads (inexact reads) are then mapped to the remaining parts of the reference. Therefore, to reconstruct most of the target genome, it is enough to find the locations of reads which have unique exact-matching with the reference. The rest of the target genome can be rebuilt by aligning remaining reads against the reference with mismatches and indels.
Most of the existing read mappers don't consider any differences between the mapping of exact and inexact reads. For example, hash-based mappers find seeds which support mismatches (space-seeds) and gaps on the whole reference genome for all reads [15] . On the one hand, consecutive seeds are enough for exact reads and using space-seeds leads to excessive memory consumption. On the other hand, inexact reads are aligned by finding candidate locations on the whole reference genome, while according to high similarity between a target genome and its reference, searching in small parts of the reference is sufficient to find these types of reads.
Based on defining reads in two types: exact and inexact reads, we present a pipeline (EIM -mapping Exact and Inexact reads separately and then Merging the constructed contigs) for resequencing of a genome. To assess our pipeline, we have chosen Bowtie2 [7] as a highly cited and user-friendly mapper and used some real and simulated read sets. For a more complete evaluation of EIM pipeline, two other mappers are also used. Our results illustrate that EIM pipeline improves the quality of genomes reconstructed by the mappers in terms of error rate and yields comparable results to MMR in reducing errors.
Methods
Let S = s 1 s 2 . . . s L denote a DNA sequence in which ∀ 1≤i≤L s i ∈ {A, C, G, T, N}; and |S| denote the length of S. A genome sequence is a long DNA sequence. A set of paired reads is defined as R = { r 1 , r 1 , r 2 , r 2 , . . . , r m , r m } where for each i, r i and r i are short DNA sequences with length of k.
We propose a three-step pipeline ( Fig. 1) for referencebased assembly as below, where a set of paired reads R and a genome sequence G are given as inputs:
i. ExactMapping
The set of reads is mapped onto the genome sequence without mismatches and indels. Then an exact contig set called Cng1 is generated from uniquely mapped reads. ii.
InExactMapping
The remaining reads from previous step are mapped onto the regions of the genome which are covered with no contigs of Cng1 to construct an inexact contig set named Cng2.
iii. MergingContigs
The two contig sets, Cng1 and Cng2 are merged to build up ultimate contigs.
In the following, each step of EIM pipeline is described in detail.
ExactMapping
In this step, we should apply a mapper to align the set of reads with the genome without mismatches and indels. In this regard, the genome G and the read set R are given to the mapper as inputs. After running the mapper, two outputs are produced: i) set R ⊂ R containing unmapped and multi-mapping reads ii) SAM file [16] including the information of the alignment. Then consensus sequence C is built up from uniquely mapped reads in the SAM file, where C is a DNA sequence with length |G|. Afterwards, a set of contigs called Cng1 is generated by breaking the sequence C at each position of 'N' . EIM pipeline overview and applied tools. The first step has three outputs: leftover reads (R ), modified remaining parts of the genome sequence (G M ) and exact contigs (Cng1). The output of the second step is inexact contig set indicated by Cng2. Currently, EIM can apply one of mappers Bowtie2 [7] , BWA [8, 9] and Yara [10] 
where C contains all parts of genome G covered with no contigs of Cng1.
. . g M n by extending each contiguous nucleic acid sequence as:
where k is equal to the read length.
Then G M is broken at each position of 'N' , and as a result a set of contigs is obtained. After that, a mapper is used in order to align R against the set of contigs with mismatches and indels. Finally, a consensus sequence is made from mapped reads in the SAM file for each contig and added to Cng2.
MergingContigs
In this part, the two contig sets Cng1 and Cng2 generated respectively at the steps of ExactMapping and InExactMapping, are combined to rebuild the target genome. Although Cng1 contains large contigs which make up most of the target genome, Cng2 is required to produce larger contigs including the differences with genome G. We merge the contig sets without alignment because the positions of contigs relative to the genome G are known. In this way, every two contigs of Cng1 are joined by a contig of Cng2 overlapping with both of them. Merging method is described in more detail below.
The union of Cng1 and Cng2 contig sets is defined 
where k is equal to the length of a read, and |Cng| is the number of contigs in the Cng set. The second dataset includes four human chromosome read sets: Chr1, Chr10, Chr14 and Chr21 extracted from samples. The whole human genome samples are downloaded from the SRA database of National Center for Biotechnology Information (NCBI) with accession numbers SRR67780, SRR67785, SRR67787, SRR67789, SRR67791, SRR67792, SRR67793. The human reference genome GRCh38 is downloaded from [19] . All read sets contain 101 bp paired reads with the properties shown in Table 1 .
We simulate several read sets for a prokaryotic and eukaryotic genome: E. coli and Arabidopsis thaliana. To simulate reads for E. coli, we create four genome sequences, E. coli-Mut1 to E. coli-Mut4 derived from E. coli K12. Then Illumina read sets, ReadSet1 to ReadSet8 and ReadSet9 to ReadSet12 are simulated for mutated genomes by DWGSIM [20] and ART [21] , respectively. E. coli-Mut1 and E. coli-Mut2 have single nucleotide variants (SNVs) with the rate of 0.1%. E. coli-Mut2 has SNVs of random size among 1 to 3. E. coli-Mut3 has SNVs and deletions of the rates 0.09% and 0.01% respectively. E. coliMut4 has SNVs and insertions of the rates 0.09% and 0.01% respectively. The read sets, ReadSet1 to ReadSet4 are simulated such that the length and coverage depth of the reads are similar to those of the real read set from E. coli K12 genome (i. e. more than 1.5 million paired reads of 150 bp). The read sets, ReadSet5 to ReadSet12 are simulated with low coverage (i. e. about 3000 paired reads of 150 bp) and sequencing error. The properties of simulated reads are shown in Table 2 .
To generate reads for Arabidopsis thaliana, we create a genome sequence derived from TAIR10 [GenBank: CP002684.1-CP002688.1] reference genome. Firstly, TAIR10 genome sequence is mutated based on bur-0 strain variations obtaining from [22] . Then an Illumina read set including 15.6 million paired reads of 150 bp with coverage depth of 20× is simulated by ART simulator.
Tools
Some tools are utilized for running EIM pipeline as follows. We use DWGSIM [20] and ART [21] for simulating reads, Bowtie2, Yara [10] and BWA [8, 9] for mapping reads, and SAMtools [16] for making consensus sequences. We also implement a simple hash-based aligner called ExactMapper for mapping reads without mismatches and gaps to make the pipeline faster.
The assessments on large genomes including human chromosomes and Arabidopsis thaliana are performed on a desktop which has a 3.60GHz Intel(R) Core(TM) i7 − 6850K 6-core processor and 32GB of RAM running 64-bit Ubuntu 18.04 LTS. The other assessments are performed on a laptop with an Intel(R) Core(TM) i7 − 3517U processor and 8GB of RAM running 64-bit Ubuntu 15.10.
At ExactMapping step, we apply ExactMapper aligner for small genomes to generate a SAM file and extract remaining reads (unmapped and multi-mapping reads) simultaneously. Next, SAM file is given to a script to build up a consensus sequence C from uniquely mapped reads. At InExactMapping step, we employ one of the aforementioned mappers with appropriate parameters and then construct the consensus sequence by SAMtools. For this purpose, The '--keep-masked-ref ' parameter is set for 'bcftools call' command of SAMtools to be able to make consensus in IUPAC positions of the reference genome.
It should be noted, for large genomes such as the human chromosome 14, we use Bowtie2 in ExactMapping step. The '--score-min' parameter of Bowtie2 is set to the value 'C, 0, −1' to only map the reads with exact matches to the genome. Th unmapped and multi-mapping reads are extracted from the SAM file by a script and the consensus sequence is constructed by SAMtools.
Evaluation metrics
To evaluate EIM pipeline, we calculate some contiguity and quality metrics by QUAST [23] for contig sets (genomes) reconstructed by ExactMapping step, EIM and the mappers. We use two metrics to compare the contiguity of the contig sets as follows:
• Contigs-500: The number of contigs with length of greater than 500 bp belonging to the contig set.
• N50: The length of the smallest contig in the set that contains the fewest (largest) contigs whose combined length represents at least 50% of assembly [24] .
We use quality metrics for indicating the accuracy of the reconstructed genomes. To calculate some quality metrics, each set of contigs is aligned to the target (or reference) genome to find the number of errors regarding to each contig set as below:
• Errors: The total number of mismatches and indels (insertions and deletions) in the aligned contigs relative to the target genome.
• IUPAC-codes: The total number of IUPAC ambiguity positions in the contig set.
• Genome-Fraction: The percentage of the target (or reference) genome covered by the aligned contigs.
when the target genome is not available, we apply the following quality measure to test the accuracy of the reconstructed genomes.
• Remapped-Reads: The percentage of the reads which are identically mapped (i.e. without mismatches and indels) onto the contigs.
Results
A set of reads and a reference genome are given to EIM pipeline as inputs and then EIM constructs a set of contigs as output by stepwise mapping of the reads onto the reference. The sequencing errors and genetic differences as well as repetitive regions in the genome are the factors which introduce mapping errors such as mismatches and indels into the contigs relative to the target genome.
To evaluate the results of EIM pipeline, we use different datasets in terms of similarity between the target and reference genomes as follows:
1. By considering a reference genome identical to the target genome, we initially assess our pipeline where the real read set from E. coli K12 includes sequencing errors. 2. According to the high similarity between any human genome and the human reference, we investigate results of EIM pipeline where the real reads from a human chromosome 14 contain sequencing errors as well as SNVs. It is to be noted that the target genome is not available. 3. By simulating some target genomes highly similar to E. coli K12 genome, we examine EIM pipeline in which the simulated reads include SNVs. In this way, we can test the accuracy of EIM more precisely since the target genomes are available. 4. By using a closely related genome to E. coli K12 as a reference, we perform EIM pipeline on a real read set from E. coli K12 to assess our pipeline where the similarity between the target and reference genomes is not very high.
For completing the evaluation of EIM, we apply different mappers on a real read set from E. coli K12 and a closely related genome to it as a reference, and then compare the results of EIM pipeline to the respective mappers. In addition, we evaluate our pipeline on eukaryotic genomes of human and Arabidopsis thaliana.
Assessment of EIM on a real dataset of E. coli K12
To test the accuracy of EIM, we examine the effect of sequencing errors without considering any other factors. For this purpose, E. coli K12 genome and its reads generated by using Illumina are given to EIM as inputs. Accordingly, the target and reference genomes are the same and the read set includes sequencing errors.
An Illumina sequencer has an error rate of < 0.1% [25] , because of which only 61.79% of the reads can be mapped at the first step of EIM pipeline (ExactMapping). However, contigs constructed from the uniquely mapped reads cover nearly entire of the target genome (99.995% in Table 3 ). At the second step of our pipeline (InExactMapping), remaining reads from the first step are mapped onto just 0.005% of the reference. As shown in Table 3 , the last step of EIM (MergingContigs) produces a contiguous contig including 2 errors, while Bowtie2 mapper makes 11 contigs containing the same number of errors on this sample data. Although Bowtie2 generates more contigs than EIM, the Genome-Fraction values of both contig sets are the same (100%) because the gaps between contigs of Bowtie2 are too small compared to the total length of the target genome.
This assessment shows that contig sets reconstructed by EIM and Bowite2 are the same in terms of accuracy when the read set contains sequencing errors.
Assessment of EIM on a real dataset of human chromosome 14
In this assessment, our goal is to investigate the accuracy of EIM where the set of reads extracted from a genome The evaluation metrics has been defined in the text. The columns headed 'Exact', 'EIM' and 'Bowtie2' represent the contiguity and quality of contigs constructed by ExactMapping step of EIM, EIM and Bowtie2, respectively includes sequencing errors as well as SNVs and indels relative to the reference. We perform EIM on the human chromosome 14 reference and the reads from a human chromosome 14. Due to sequencing errors and genetic differences between human genomes, only about half of reads (58.33%) are aligned at the ExactMapping step. The contigs constructed from this volume of the reads cover 93.22% of the chromosome 14 reference (Table 3) . Furthermore, the results presented in Table 3 show that EIM makes significantly fewer contigs than Bowtie2. In other words, the comparison of N50 values indicates that EIM can make a contig set more contiguous than that of Bowtie2. Moreover, the contigs of EIM include fewer errors relative to the reference than those of Bowtie2. Although comparing with the reference genome gives insight into the error rate of the reconstructed genomes, some differences are true differences rather than errors. Since the target genome is not available, we use the read set to assess the accuracy of EIM. In this way, the reads are mapped without mismatches and indels to the reconstructed genomes to calculate Remapped-Reads values. The results of the remapping show that the RemappedReads values for the genomes reconstructed by EIM and Bowtie2 are 60.87% and 58.68% respectively. This is an appropriate evidence that the reconstructed genome by EIM is more accurate than that of Bowtie2.
Our results show that when the target and reference genomes are highly similar, EIM pipeline can reconstruct a more accurate genome than the one rebuilt by Bowtie2 mapper.
Assessment of EIM on simulated data
To assess the accuracy of EIM more precisely, the target genome sequences are required. Since target sequences are typically not available for most of individuals and strains, we use simulated data. To do so, we make some genome sequences derived from E. coli K12 genome by creating mismatches and indels using different rates and then simulate read sets from the mutated genomes (Table 2) .
We test EIM pipeline on ReadSet1 (Table 2 ) and E. coli K12 as a reference genome. To compare contigs generated by EIM and Bowtie2 , we align both contig sets against E. coli-Mut1 (the target genome) and present the results in the second, third and last columns of Table 4 . Although EIM pipeline rebuilds a contiguous contig, it introduces more errors than Bowtie2. It is also worth mentioning that the contigs of ExactMapping step of EIM called Exact contigs have 90.285% Genome-Fraction value which in comparison with that obtained by real data experiment (99.995% in Table 3 ) is very low. It seems that a lower Genome-Fraction value of Exact contigs leads to the higher errors in the final contigs produced by EIM. We need to point out that the more fraction of the target genome is covered by Exact contigs, the smaller parts of the reference remain for InExactMapping step of EIM. Hence the probability that the leftover reads are aligned at true locations is increased and as a result, the error rate of the reconstructed genome is reduced. Furthermore, the fraction of the target genome covered by Exact contigs is directly proportional to the similarity between the target and reference genomes. In other words, the higher similarity between the target and reference genomes leads to fewer errors in the genome reconstructed by EIM pipeline. Accordingly, since the genome sequence reconstructed by a mapper is more similar to the target genome than to the reference (ref ), the genome sequence reconstructed by Bowtie2 (cns-bt) is fed to EIM instead of the reference as input.
The results can be seen in the fourth and fifth columns of Table 4 . The comparison of the second and fourth columns shows that by giving the genome sequence reconstructed by Bowtie2 instead of the reference sequence to EIM as the input, the Genome-Fraction value of Exact contigs increases from 90 to >99%. In addition, the number of errors in final contigs of EIM decreases from 45 to 28. It suggests that the genome sequence reconstructed by a mapper is a better input for our pipeline as it leads to a lower error rate. Our analysis up to this point shows that by feeding cns-bt instead of ref to EIM pipeline as input, the error rate is reduced. It is important to note that the error rate decreasing is valuable only when EIM rather maintains the same N50 and Genome-Fraction values as those of the input genome. However, the results of EIM in the fifth column compared to the last column of Table 4 indicate that this condition is not satisfied.
We observed that cns-bt includes 137 IUPAC-codes while ref contains no IUPAC-codes. Furthermore, the genome reconstructed by mapping a read set onto a reference sequence containing IUPAC-codes is less contiguous than the reference because SAMtools makes a consensus sequence including 'N' in the IUPAC-code positions. Thus the existence of IUPAC-codes in the input genome of EIM yields a more fragmented genome as output. To solve this issue, we execute SAMtools with a parameter allowing to build consensus in the IUPAC-code positions instead of substituting 'N' ambiguity character ("Tools" subsection). As shown in the sixth column of Table 4 , EIM with this modification makes contigs which in addition to including less errors than cns-bt (the input genome), are nearly as contiguous as cns-bt and with high coverage of the target genome. In the following, EIM described in the fifth and sixth columns of Table 4 are considered as versions one (v1) and two (v2), respectively. Tables 5 and 6 represent the results of applying EIM (v2) pipeline and Bowtie2 mapper to the simulated read sets with high and low coverage, respectively. As illustrated by the results, not only can EIM (v2) decrease the error and IUPAC-code rates, but it can also maintain the contiguity and Genome-Fraction value very close to Bowtie2.
The results of this assessment show that our pipeline can improve the genome sequence reconstructed by Bowtie2 mapper in terms of accuracy when a highly similar reference to the target genome is available and the read set includes SNVs relative to the reference.
Assessment of EIM on a real dataset of E. coli K12 and a closely related genome
In this assessment, we examine the accuracy of EIM when similarity between the target and reference genomes is not so high. The application is where a reference is not available and a closely related genome is used as a reference. We apply E. coli O145:H28 as a closely related genome to E. coli K12.
To evaluate EIM on the read set from E. coli K12, a genome sequence is reconstructed from mapping the reads onto E. coli O145:H28 genome by Bowtie2, then the reconstructed genome and the reads are given to EIM as inputs. Table 7 shows that the contig sets generated by EIM (v1) and EIM (v2) contain fewer errors and IUPACcodes than that of Bowtie2. Moreover, EIM (v2) can make contigs which have nearly the same Genome-Fraction value and N50 size as those of Bowtie2.
It should be noticed that the Genome-Fraction values of the contigs produced by EIM and Bowtie2 are less than 90%. In such cases where there is no reference available and the related genome is not highly similar to the target The evaluation metrics has been defined in the text. The columns headed 'Exact', 'EIM (v1)', 'EIM (v2)', 'Bowtie2', 'MaSuRCA' and 'EIM (v1) + MaSuRCA' represent the contiguity and quality of contigs constructed by ExactMapping step of EIM, EIM (v1), EIM (v2), Bowtie2, MaSuRCA and combining the contig sets of EIM (v1) and MaSuRCA assembler, respectively genome, de novo genome assembly is a better approach for reconstructing the genome sequence. However, the genome sequences generated by de novo assemblers are not error-free. For this reason, approaches for improving the accuracy of de novo assembled contigs are needed.
Here we use the contigs generated by EIM to improve the contigs produced by a de novo assembler. In fact, we use version one of EIM pipeline because contigs of EIM (v1) include less errors than those of EIM (v2). The read set is assembled by MaSuRCA [26] , one of the best assemblers at GAGE-B [27] , then the contigs constructed by EIM and MaSuRCA are combined into a contig set including fewer errors than the contigs of MaSuRCA (Table 7 ). This analysis indicates that when a closely related genome is used as a reference, and thus the reference and target genomes are not highly similar, EIM (v2) can reconstruct a genome sequence with the same contiguity and Genome-Fraction value including less errors and IUPACcodes than the genome reconstructed by Bowtie2 mapper. In addition, the genome rebuilt by EIM (v1) can decrease the error rate of a genome sequence generated by a de novo assembler such as MaSuRCA.
Evaluation of EIM by different mappers
To evaluate the performance of our pipeline by using mappers other than Bowtie2, we select BWA as a popular and widely used mapper and Yara as one of the state-ofthe-art mappers. We use the three mappers and version 2 of EIM on the read set from E. coli K12 and E. coli O145:H28 genome as a reference. For each mapper, the genome reconstructed by the mapper is given to EIM (v2) as input and the mapper itself is applied for aligning reads in the second step of EIM (v2) (i. e. InExactMapping).
As illustrated in Fig. 2 , for all mappers, EIM pipeline maintains N50 size and Genome-Fraction value close but not identical to those of the mappers (Fig. 2a and b) . It also reduces the number of errors and significantly decreases the number of IUPAC-codes ( Fig. 2c and d) . Figure 2e shows the running times of the three mappers compared to EIM. Since the input genome of EIM is built by a mapper, the running time of reconstructing a genome by EIM is the total of mapper and EIM pipeline runtimes. In addition, the running time of reconstructing a genome by a mapper is the total of read mapping and consensus constructing runtimes, which the second one is more time-consuming. Our pipeline decreases the computational time of making a consensus by a two-step mapping. In ExactMapping, most of the reads are exactly aligned and a SAM file is made from which the consensus sequence can be constructed by a simple and fast script without using SAMtools. Moreover, only a low percentage of reads is transferred to InExactMapping step and thus the consensus sequence is made rapidly by SAMtools in this stage. Consequently, the overhead time of reconstructing the E. coli genome by EIM pipeline after running a mapper is less than one-third of that of the respective mapper (Fig. 2e) .
This evaluation demonstrates that EIM pipeline can be used as a post-processing tool to improve the genome reconstructed by a mapper to a more accurate one in an acceptable runtime while maintaining the contiguity and Genome-Fraction value of the input genome.
Evaluation of EIM on de novo assembled genomes
In this section, we assess the effect of EIM pipeline on the results of de novo assemblies. For this purpose, we compare EIM with Pilon framework [28] and Columbus module of Velvet assembler [29] . These tools get a draft or reference genome and mapped reads on it, to apply read mappings for improving genome assembly.
In the following, we first generate two genomes by Velvet and MaSuRCA assemblers on the real read set from E. coli K12. Then each draft genome is inputted to EIM, Pilon, and Columbus.
As illustrated in Fig. 3 , all frameworks reduce the number of errors and dramatically decrease the number of IUPAC-codes when that of the draft genome is too high (Fig. 3a and b) . Although EIM and Columbus decrease N50 size (Fig. 3c) , they maintain Genome-Fraction value close to those of draft genomes (Fig. 3d) .
The results of this comparison show that EIM pipeline has an impact on reducing the error rate of the genomes generated by de novo assembly. Fig. 2 The comparison of contigs generated by Bowtie2, Yara and BWA with the respective contigs of EIM on the real read set of E. coli K12. Firstly, the mappers were executed on the read set and the reference, and then the contig sets were generated. Secondly, for each mapper, EIM (v2) was run on the read set and the contig set constructed by the mapper while using it at the second step for mapping. Finally, the contiguity and quality of contigs were computed as a N50 size b Genome-Fraction value c The number of errors d The number of IUPAC codes. In addition, the running time of obtaining contigs was measured and showed in seconds (e)
Evaluation of EIM on eukaryotic genomes
For the final evaluation, we run EIM pipeline on the datasets of human as a mammalian and Arabidopsis thaliana as a model plant. To evaluate EIM on human, we select the smallest and the largest chromosomes as well as a chromosome with average length namely Chr21, Chr1, and Chr10, respectively and extract the reads of each one from real samples of the whole human genome. Then we run EIM on each dataset separately. For evaluating our pipeline on Arabidopsis thaliana, we simulate a dataset for all chromosomes of bur-0 strain and use TAIR10 as the reference to run EIM. As shown in Table 8 , EIM pipeline reduces error rates on all three human chromosomes and bur-0 strain of Arabidopsis. To be precisely measured the accuracy of generated contigs, the reads are exactly mapped onto each contig set to calculate Remapped-Reads value. As seen, EIM increases Remapped-Reads values. Furthermore, the results show that our pipeline considerably increases the N50 size of contig sets generated for human chromosomes because of the high similarity between human genomes.
In order to examine the effect of different chromosomal regions on accuracy of EIM, we test our pipeline on portions of a human chromosome. To achieve this goal, we divide Chr1, the largest human chromosome, to twenty five same-length regions as follows:
The number of ambiguity characters (Ns) is assessed in each p i 1 ≤ i ≤ 25 (Fig. 4) . We omit p 14 because this region is a whole sequence of Ns. We then run EIM on the read set of Chr1 and each p i 1 ≤ i ≤ 25andi = 14, separately. As shown in Fig. 5 , EIM pipeline increases N50 values and reduces error numbers, and significantly decreases IUPAC numbers for all regions. Note that, because of the high fraction of Ns in centromere region, contigs generated by Bowtie2 and EIM on p 13 and p 15 have low N50 size and low error numbers ( Fig. 5a and d) .
In addition, EIM increases Remapped-Reads values for all regions except for the first one (Fig. 5b) . To explore the reason, we break the p 1 region from Ns and select two of five yielded portions called p 1_1 (∼ 2.1 Mbp) and p 1_2 (∼ 7.2 Mbp) for analysis because their length is more than 1 Mbp. Then we run EIM on the read set of Chr1 and p 1_1 and p 1_2 regions, separately. The results show that the Remapped-Reads value of contigs generated by EIM is 0.05% more than that of Bowtie2 for p 1_2 while this value is 0.35% less than that of Bowtie2 for p 1_1 . Thus the shorter portion i.e. p 1_1 leads to decreasing of the RemappedReads value of p 1 region. According to this observation, we examine GC-content of all regions of Chr1. The GCcontent of p 1_1 is 56% while GC-content of p 1_2 and other regions are less than 50% (Fig. 6) .
The results from GC-content analysis suggest that running EIM on genomic regions with less than 50% GCcontent can generate contigs which are more accurate than those of a mapper.
Discussion
As mentioned in the "Background" section, one of the most challenging aspects of genome sequence reconstruction from NGS data is the existence of multi-mapping reads. We claim that EIM pipeline decreases the number of multi-mapping reads and thus reduces the error rate of the reconstructed genome. To demonstrate this claim, we analyse each step of EIM separately. Let the input genome sequence of EIM be the genome reconstructed by a mapper like Bowtie2.
At ExactMapping step, the consensus sequence is built from the reads uniquely mapped and thus the resulting Exact contigs contain very low errors (see the 'Exact' column in Tables 6 and 7) . Therefore the number of errors in the contigs of the next step plays a determining role in the error rate of the genome reconstructed by EIM. The reads not applied in this step, namely multi-mapping and unmapped reads are transferred to the second step to be aligned with mismatches and indels.
At InExactMapping step, the remaining reads are aligned to the parts of the input genome not covered by any Exact contigs and then the consensus sequence is generated. To examine the effect of EIM on multi-mapping reads, we should compare the number of multi-mapping reads in this step to that obtained by mapping the reads onto the whole input genome. To do so, the reads that can be mapped at the second step of EIM, are aligned again to the whole input genome. Figure 7 shows that our pipeline leads to less multi-mapping reads on the simulated and real datasets. In fact, on the simulated datasets, EIM can decrease the number of multi-mapping reads by finding unique mapping locations for 17% of them on average. To complete the examination of the effect of EIM pipeline on multi-mapping reads, EIM is compared to a multi-mapping reads resolution tool, MMR. We compare the genome reconstructed by EIM to the genome obtained based on the results of MMR on the read set from E. coli K12 and E. coli O145:H28 as a reference. In this way, firstly, Fig. 7 Multi-mapping reads on the whole and the remaining parts of the genome. A real and four simulated datasets were used. The orange and yellow bars show the percentage of multi-mapping reads where the reads were aligned against the whole genome, and in which the reads were mapped onto the regions not covered by the contigs of the first step of EIM, respectively the reads are mapped by Bowtie2 onto the reference and a SAM file is generated. Then a sorted BAM file and a consensus sequence are built from SAM file as the inputs of MMR and EIM, respectively. MMR produces a BAM file that assigns an optimal mapping location to each multimapping read, while EIM generates a contig set such that the number of multi-mapping reads are decreased.
As shown in Table 9 , both approaches maintain the contiguity and reduce the error rate of the input. In addition, EIM can impressively decrease the number of IUPACcodes from 280 to 56. The running time of reconstructing E. coli genome by EIM (330 sec) is significantly less than that of MMR (999 sec) without considering the running time of making the inputs. Note that for reconstructing a genome based on MMR results, a consensus construction stage is required after applying MMR which causes to increase the runtime.
As shown by this analysis, the results of EIM pipeline are comparable to a multi-mapping reads resolution tool in terms of the main goal, that is, reducing the error rate of the genome reconstructed by a mapper.
Conclusion
The goal of our work is to improve the accuracy of contigs generated using NGS read mappers by decreasing their error rate. To achieve this purpose, we design EIM pipeline which aligns the exact and inexact reads against the genome sequence at two separate steps to map the inexact reads more precisely. The assessment of our pipeline on simulated and real read sets show that the separation of reads is effective in reducing the number of mismatch and indel errors with regard to the target genome and significantly decreases the number of IUPAC-codes in the input genome. The evaluation of EIM by three mappers namely Bowtie2, BWA and Yara also indicates that our pipeline, as a post-processing step to different mappers, can improve the genome sequences reconstructed by them in an acceptable running time. In addition, EIM pipeline can reconstruct a comparable genome to that of MMR (a multi-mapping reads resolution tool) in terms of error rate. The evaluation metrics has been defined in the text. The columns headed 'Bowtie2', 'EIM (v2)' and 'MMR' represent the contiguity and quality of contigs obtained based on the results of Bowtie2, EIM (v2) pipeline and MMR tool, respectively
